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Introduction
Due to the recent economic disturbances affecting the world economy, there has been an explosive interest in the early assessment of the short term evolution of economic activity.
The academic literature and the press are full of references to short term GDP growth rate forecasts and its successive revisions which are currently deteriorating with the ongoing economic developments. However, the vast majority of the forecasts released by relevant institutions do not always make explicit the methodology followed to compute their forecasts.
Therefore, it is difficult to replicate and intuitively understand the forecasts. In fact, the forecasts of many of these institutions explicitly or implicitly rely on the judgment of experts, which might be helpful in terms of increase the precise of their forecast, but implies two serious drawbacks. The first drawback is that judgments make the forecasting process a black box which becomes only clear to the mind of the forecaster. The second drawback is that forecasts that rely on judgments make the forecasting process a subjective exercise instead of an objective quantitative and measurable analysis. In that sense, forecasters may read the news, and be affected by a general climate that may or may not be accurate to describe the current economic situation. But at the same time, forecasters may even affect the news and therefore, may contribute to create expectations which, if they are not objectively quantifiable, may be only a partial description of the economic situation. In order
to avoid these problems, we propose in this paper a judgment-free algorithm which automatically computes the forecasts when new information becomes available. In that sense, our algorithm has the same advantages than the judgmental forecast in terms of the ability to adapt to new information, but it avoids the serious inconveniences mentioned before. The forecasting method is easy to interpret, easy to replicate, and easy to update.
Regarding the automatic forecasting methods, the most familiar are the standard To diminish this problem, we use a dynamic factor model which uses economic indicators that are related to GDP growth but are much promptly published. One potential alternative specification could be based on transfer functions which include the set of indicators as explanatory variables. However, estimating these models is problematic when the number of indicators increases. For these reasons, dynamic factor models become the most appropriate framework to compute the forecasts. These specifications are based on the assumption that the joint dynamics of GDP growth and the indicators can be decomposed in two components. For each of these series, the first component refers to the common dynamics whereas the second component refers to its idiosyncratic dynamics.
In the recent empirical literature, two alternative dynamic factor models are used.
One is the factor models that are based on large sets of economic indicators which are estimated by using approximate factor models as in Angelini et al. (2008) for Euro-area data and by Camacho and Sancho (2003) for Spanish data. The other alternative relies on previous reasonable pre-screenings of the series which are estimated by using strict factor models and has recently been applied by Camacho and Perez-Quiros (2008) and by Frale, Marcellino, óMazzi and Proietti (2008) to Euro-area data. Regarding the controversy between using large versus small scale factor models, it has been pointed out by Boivin and Ng (2006) that the asymptotic advantages of large-scale factor models are frequently far from being held in empirical applications. In addition, Alvarez-Aranda, Camacho and Perez-Quiros (2009) examine the empirical pros and cons of forecasting with large versus small factor models. The main result of this line of research is that, in empirical applications, the larger is the number of time series, the higher is the correlation of the idiosyncratic part, and this correlation might bias the results of the estimated common factor. Therefore, according to these authors, more is not always better from a forecasting point of view. In addition, Bai and Ng (2008) have shown the importance of having parsimonious specifications in order to improve the forecasting ability of factor models, even when zero cross-correlation among the idiosyncratic part holds.
In line with the previous discussion, we propose a small scale factor model to compute short term forecasts of the Spanish GDP growth rate in real time. The model is constructed to deal with the typical problems affecting real-time economic releases. First, the model deals with ragged edges in order to take into account all the available information which is released in a non-synchronous way. Second, the model accounts for data with mixed frequencies, in order to bridge monthly indicators with quarterly GDP. Third, the model is a simple algorithm that can be automatically updated, so the model handles with potential economic instabilities, because, if the predictive power of any variable diminishes during the course of some periods, the variable will reduce its weight and its loading factor.
Finally, the model is dynamically complete in the sense that accounts for the dynamics of all the indicators used in the analysis. This leads the model to be a metric to measure the news associated with each realization of the indicators used in the analysis, based on the effect that each realization has on the expected economic growth.
The empirical reliability of the model is evaluated by using both in-sample data The paper is organized as follows. Section 2 outlines the proposed methodology.
Section 3 evaluates the empirical reliability of the model. Section 4 concludes.
Description of the model
In this section we develop the model to compute short term forecasts of the Spanish GDP growth in real time from a set of indicators that may include mixing frequencies and missing data.
Selection of indicators
The series used in the estimation of the model are listed in Table 1 . The selection of these variables is based on the model suggested by Stock and Watson (1991) . Their idea follows the logic of national accounting by computing GDP from the income side, the supply side and the demand side. Therefore, to obtain robust estimates of activity with a monthly frequency they choose industrial production index (supply side), total sales (demand side), real personal income (income side) and they add an employment variable to capture the idea that productivity do not change dramatically from one period to the other.
Since we do not have for the Spanish economy a reliable income variable, we start the selection of indicators with Industrial Production (excluding construction), total sales of large firms of Agencia Tributaria (Spanish Internal Revenue Service) and social security contributors.
However, as pointed out in Camacho and Perez-Quiros (2008) the delay in the publication of some of these series (see Table 1 ), and the serious revisions that some of them are subject to, makes it difficult to follow the real time economic evolution with only these It is worth noting that we tried to enlarge the set of indicators with other economic variables but we always obtained reductions in the percentage of the variance GDP that was explained by the factor. This was the case when we added more series of the Agencia Tributaria such as wages paid by large firms, exports of large firms and imports of large firms.
In addition, we failed to improve the variance of GDP explained by the factor when we added disaggregated versions of the variables already included in the model as was the case of some components of industrial production. We also finally added series such a stock market returns or interest rates which were too noisy to improve the accuracy in the estimation of GDP obtained by the common factor.
One final remark regarding the indicators is that most of the hard indicators are extremely noisy taken in monthly growth rates. In order to smooth that noise without filtering out the data with HP or band pass filters, we include these series in the model in annual growth rates. Readers which are familiar to that model can skip these sections.
Mixing quarterly and monthly observations
The model is based on the idea of obtaining early estimates of quarterly GDP growth by exploiting the information in monthly indicators which are promptly available. Linking monthly data with quarterly observations needs to express quarterly growth rates observations as the evolution of monthly figures.
For this purpose, let us assume that the levels of the quarterly GDP can be decomposed as the sum of three unobservable monthly values of GDP. Mariano and Murasawa (2003) show that if the sample mean of these three data can be well approximated by the geometric mean, the quarterly growth rate of GDP can be expressed as the average of monthly growth rates of latent observations: also avoid the approximation but assuming that the series evolve as deterministic trends without unit roots. 
Bridging with factors
The practical application of the procedure described in the previous section exhibits two econometric problems. The first problem is that the procedure is specified in monthly frequencies. This implies the need to estimate unobserved components such as monthly growth rates and quarterly growth rates for the first two months of each quarter.
The second problem is that the model has to handle with many missing observations since some series start too late, and some series (those with longer publication delays) end too soon.
Dynamic factor models are the appropriate framework to deal with these drawbacks.
These are also good models to characterize comovements in macroeconomic variables that admit factor decompositions. The single-index dynamic factor model is based on the premise that the dynamic of each series can be decomposed into two orthogonal To complete the statistical representation of the model, we assume the following dynamic specification for the variables.
3. In the most recent extension of their model, Arouba and Diebold (2009) abandon their exact filter and use the approximate filter by taking growth rates of the time series. 4. Indicators in levels create the problem of mixing integrated and stationary variables in the same specification. We solve the problem by considering, as pointed out in the works of the European Commission, that soft indicators are related with annual growth rates of the variable of interest, therefore, the level of the soft indicators depend on a 12 month moving average of the common factor, and this is the source of its unit root.
In addition, we consider that all the errors in these equations are independent and identically normal distributed with zero mean and diagonal covariance matrix.
Dealing with balanced panels, i.e, when all the variables are observed in each period, the model can be easily stated in state space representation which can be estimated by maximum likelihood procedures [see Hamilton (1999) 
where
The details about the specific form of the matrix H when dealing with quarterly growth rates and annual growth rates of monthly indicators and indicators in levels are described in the appendix.
One interesting result from dynamic factor models are the weights or cumulative impact of each indicator to the forecast GDP growth and can be obtained from the Kalman filter. Skipping details, the state vector st can be expressed as the weighted sum of available observations in the past. 
In-sample results
The in-sample dataset which is available on January 25, 2009 includes data from 1990.01 to 2008.12, and it is depicted in Figure 1 . 6 The key series to be forecasted is quarterly growth The particular publication pattern of these series can be examined in Table 2 To examine the correlation of the indicators and the factor, Table 3 shows the maximum likelihood estimates of the factor loadings (standard errors within parentheses).
Apart from GDP, the economic indicators with larger loading factors are those corresponding to Industrial Production Index, Total Sales of Large Firms, Social Security Contributors, and Production Manufacture Index. The indicator with lower correlation with the latent common factor is exports (and to less extent, Overnight Stays) which it is only marginally significant. shows the forecasts for the next unavailable month of each indicator. In addition, Figure 4 shows an example of how this forecasting procedure works. On the day before the last IPI data, the figure shows the expected growth rates of GDP for 2009.01 which are associated to different potential issues of IPI annual growth rate. According to the current negative economic situation, the model will forecast negative GDP growth rates for any reasonable realization of IPI annual growth rate. In fact, IPI would have to grow almost 30 annual
7.
Despite the values of its loading factors, Exports remains in the model for two reasons. It is followed by experts who track the Spanish economic developments and it increases the percentage of GDP's variance which is explained by the factor. If the deterioration persists, it might be a candidate to be excluded from the model.
percentage points to convert the IPI signal into positive forecasts of GDP growth rate. 
Real-time assessment of the recent downturn
Although examining the forecasting accuracy of new proposals by using out-of-sample exercises is an extended exercise in the related literature, Stark and Croushore (2002) show that this might be not enough to address the performance of a model. They argue that measures of forecast errors can be deceptively lower when using latest-available data rather than pure real-time data. According to this reasoning, we examine in this section the real time accuracy of the model against other standard alternatives.
For this purpose, we construct different datasets that give the forecasters a picture of the data that were available at any given day of the last year. Our first dataset is dated on 
Conclusion
In this paper, we provide a concrete mathematical framework within which tracking the short term evolution of GDP growth rate in Spain. We think that this a serious attempt to construct a model to forecast GDP growth by dealing with all the problems which characterize the real time forecasting for the Spanish economy. The method is based on small scale dynamic factor models which and allow the user to evaluate the impact of several monthly relevant indicators in quarterly growth forecasts.
One output of the dynamic factor model proposed in the paper is the factor itself.
We provide evidence to consider that the factor can be considered as a good indicator of the Spanish economic developments in the last two decades. In addition, the model has been proved in real time forecasting by using pure real-time databases which contain the information sets that were available at the time of the forecasts. We obtain that the model was able to anticipate the sudden and sharp recent downturn. For these reasons, we consider that the model can be useful to construct accurate forecasts of the ongoing Spanish economic developments. Notes. See Table 1 for acronyms. Data set ends on 02/11/08. Notes. GDP is in quarterly growth rates. Soft indicators are in annual differences. Hard indicators are in annual growth rates. Notes. The figure plots real time forecast of growth rates of GDP and its realization. For example, the green thick line shows the forecast for the fourth quarter of GDP from the first day in which the model produces the forecasts. The thin green horizontal line is the realization.
Notes. Ñ-STING forecasts are calculated each day of the nine-month forecasting periods described in the text. Shaded area refers to one standard error bands. AR (2) forecasts and actual GDP growth appear in top and bottom lines, respectively. 
